Controlled metal transfer in gas metal arc welding (GMAW) implies controllable weld quality. To understand, analyse and control the metal transfer process, the droplet should be monitored and tracked. To process the metal transfer images in double-electrode GMAW (DE-GMAW), a novel modification of GMAW, a brightness-based algorithm is proposed to locate the droplet and compute the droplet size automatically. Although this algorithm can locate the droplet with adequate accuracy, its accuracy in droplet size computation needs improvements. To this end, the correlation among adjacent images due to the droplet development is taken advantage of to improve the algorithm. Experimental results verified that the improved algorithm can automatically locate the droplets and compute the droplet size with an adequate accuracy.
Introduction
Image processing plays a critical role in extracting useful information from visual scenes and has been used in welding industry for seam tracking and in welding research for process monitoring [1] [2] [3] [4] . Because skilled welders make quality welds primarily based on their visual feedback, it is believed that image processing and computer vision will play a critical role also in the development of the next generation intelligent welding machines especially for relatively complex processes such as the most widely used gas metal arc welding (GMAW) and its modifications where visual information can greatly enhance the capability of process monitoring and control. Figure 1 illustrates the GMAW process. In this process, the wire is fed to the contact tube which is connected to the positive terminal of the power supply and is thus positively charged. The nozzle restricts the shield gas to a local area surrounding the wire. When the wire touches the negatively charged work piece (connected to the negative terminal of the power supply), the tip of the wire is rapidly burnt and an arc is ignited in the gap between the wire and the work piece. The arc melts the wire and the melted metal forms a droplet at the tip of the wire; after the droplet is detached, a new droplet starts to form and a new cycle starts. This metal melting, droplet forming and droplet detaching process is referred to as the metal transfer process. The metal transfer process determines the welding quality in a critical way because the stability of the arc, the amount of spatter and the heat and mass inputs are all related to the metal transfer process. Controlled metal transfer [5] [6] [7] [8] [9] [10] [11] thus implies controllable weld quality.
It is apparent that the metal transfer process can be monitored to better understand and control the GMAW process. In fact, to understand and study this relatively rapid process, high speed cameras have been used to image and record the dynamic developments of the droplets [12, 13] . However, their analysis has only been done manually. To scientifically study the dynamic metal transfer process, effective image processing algorithms are needed to automatically process the large number of high speed images to obtain accurate measurements of the droplets without human interference. For example, to examine how the droplet size is affected by the welding current, varying welding current can Figure 1 . Illustration of the GMAW process [14] .
be applied and the resultant large quantity of accurate data about the dynamic change of the droplet size can be used to establish an accurate dynamic model for the metal transfer process. Because of the importance in determining the weld quality, the metal transfer must also be accurately monitored to provide the needed feedback in the next generation intelligent GMAW machines. Unfortunately, to date, effective automatic image processing of metal transfer has not been developed possibly due to the level of difficulty involved for welding researchers.
To establish the foundations for the development of the next generation intelligent welding machines, this study addresses automated processing of metal transfer images in a modified GMAW referred to as the double-electrode GMAW where the metal transfer is equally important as in the conventional GMAW. While this paper focuses on automated computation of the size and position of the droplets, the algorithms proposed in this paper as will be discussed later may be readily transferred into a high speed system (with parallel processors if needed) to obtain the speed needed for the control of the metal transfer process.
In this paper, the authors used a high frame rate CCD camera-high-speed camera, Olympus i-SPEED-which can capture an image at 33 000 frames per second to capture the metal transfer video. The paper is organized as follows. Section 2 describes the problem addressed and section 3 analyses and discusses the characteristics of the images to be processed and tries to use the correlation method to process the image. In section 4, an image processing algorithm is proposed for effective computation of the size and position of the droplets. Based on the algorithm proposed in section 4, a further improved algorithm is proposed in section 5. In section 6, the effectiveness of the algorithm proposed in section 5 is demonstrated through experimental results. Its potential for real-time [15] [16] [17] [18] processing is also evaluated. Finally, conclusions are drawn.
Problem description
The novel DE-GMAW process [19] has been implemented by adding a non-consumable tungsten electrode to a conventional GMAW system to form a bypass loop as shown in figure 2(a) . Because of the bypass loop, only part of the current which melts the electrode flows to the base metal. The melting current I is thus divided into two branches: bypass current I bp from the GMAW wire to the bypass electrode and base metal current I bm from the GMAW wire to the base metal ( figure 2(a) ). While the total (melting) current I can be controlled by adjusting the wire feed speed, the University of Kentucky has developed a control system [19] to adjust the base metal current at a desired level by adjusting the resistance of the variable power resistor ( figure 2(a) ). As a result, the base metal current and bypass current can be controlled freely and independently. This controllability gives DE-GMAW the capability to reduce the base metal heat input (determined primarily by the base metal current) and achieve the needed deposition rate (determined by the wire feed speed or primarily by the total current). In addition, it also gives the DE-GMAW the capability to control the metal transfer process by adjusting the distribution of the total current in the base metal and bypass currents. Experiments have revealed, for example, that when a fixed total current below the so-called transition current which is approximately 225 A is used, the transfer changes from the undesirable globular mode to the desired spray mode after the bypass current increases to 50 A. In addition, the diameter of the droplets decreases as the bypass current increases but the transfer rate (number of droplets per second) increases. The stability and metal transfer of DE-GMAW can thus be accurately monitored using high speed images and be controlled by adjusting the current distribution or the waveform of the current distribution using the high speed images as the feedback. Hence, the problem of controlling the size of the droplet (thus the transfer rate of the droplet because the melting speed is given) in real time arises correspondingly. Since a high frame rate CCD camera can be used to capture the metal transfer video in real time, an effective image processing algorithm which can compute the size and position of droplets is thus needed for advanced control of metal transfer in DE-GMAW. Figure 2 (b) shows a typical metal transfer image in DE-GMAW with two droplets existing simultaneously captured and stored at a frame rate of 3000 frames per second. Such a high frame rate must be used in order to reduce the exposure so that the arc radiation is sufficiently reduced and the droplets can be clearly imaged. Hence, the resolution and effective area of the stored images are reduced. As can be seen, the centre part of the image is the welding arc, on which a bright droplet is identifiable. The image processing algorithm to be developed in this paper needs to locate the centre of the droplet in the image as the droplet position and calculate the number of pixels the droplet occupies in the image as the droplet size.
To be used in on-line control, a sequence of images can be acquired first. After the image acquisition is completed, then the sequential images can be processed by the proposed algorithm and the resultant positions and sizes of the droplets in sequential images can be used to determine the trajectory and average droplet size as the process feedback. Finally, the control algorithm can use the process feedback to determine how the welding parameters should be adjusted to achieve the desired trajectory and droplet size. Please note that (1) it is not desirable that the welding parameters be adjusted rapidly and (2) it is a wrong impression that the images need to be processed at the same speed as they are acquired in order to be used in on-line control. The needed image processing speed should typically be much lower than that of the image acquisition when the control scheme mentioned above is used.
To demonstrate how to determine the required image processing speed, let us consider a typical example where (1) the transfer rate is 100 Hz, (2) five frames are used to track the life span of a droplet in order to accurately calculate the trajectory and size of the droplet and (3) the control rate is 2 Hz. In this typical example, 20 ms of time period can be used to acquire ten images to assure that at least one droplet's entire life span is completely recorded. The image acquisition rate should be 500 Hz. For the 2 Hz control rate, the allowed image processing time for the ten frames of image can be up to 470 ms because the control algorithm computation time can be negligible. Hence, the image processing speed needed would be approximately 47 ms per frame.
Based on the above analysis, the authors identified the problem to be solved in this study as the development of an image processing algorithm which has the potential to be implemented to extract the droplets from the DE-GMAW metal transfer image and perform related computations at a speed of 47 ms or less per frame.
Correlation analysis
The traditional way of tracking an object like a droplet needs to define a model first. Then the model is tracked by correlation with the equation given below:
where h is the function of the defined model and h * denotes its complex conjugate. In our case, h is a real function (image); thus h * = h. f is the captured image that has metal transfer droplets. M and N indicate the size of the defined model. Since the droplet changes from frame to frame, the model is difficult to determine exactly and the authors choose M = 9 and N = 9 here.
For the experiment, the authors define the model as a disc with radius equal to 4 as shown in the centre of figure 3 based on observing the average size of the droplets. Figure 4 shows the resultant image of correlation. According to the correlation theory [20, 21] , the point where the correlation response reaches the peak (132, 214) is the position of the droplet. Unfortunately, the droplet might not be the brightest part in the entire image and the brightness of the droplet is Figure 5 . Mixture density function [26] . not uniformly distributed. It is thus difficult to define an effective droplet model for the droplets in all the images. As a result, the authors have not been successful in using this method to obtain adequate accuracy. For the metal transfer image shown in figure 2(b) the correlation peak is at (132, 214), while the actual position of the bottom droplet is at (143, 215) and the actual position of the top droplet is at (130, 218). This computed peak position does not match with either of the droplets.
It is possible that the edge correlation method might improve the accuracy [22, 23] . However, the resolution of the captured image is relatively poor. Hence, the authors decided not to use the correlation method.
Brightness-based separation algorithm
Based on the facts that droplets are brighter than most of the welding arc in the image and that adjacent frames are highly correlated, two algorithms are proposed to compute the position and size of the droplet. Before evaluating the proposed algorithms, the authors would like to introduce the idea of the histogram-based [24, 25] thresholding method.
Suppose that an image contains only two principal greylevel regions. Let z denote grey-level values. These values can be viewed as random quantities, and their histogram can be considered as an estimate of their probability density function (PDF) p(z). This overall density function is the sum or mixture of two densities, one for the light and the other for the dark regions in the image. Furthermore, the mixture parameters are proportional to the relative areas of the dark and light regions. If the form of the densities is known or assumed, it is possible to determine an optimal threshold T (in terms of a minimum error) for segmenting the image into two distinct regions. Figure 5 shows two probability density functions. The mixture probability density function describing the overall grey-level variation in the image is
where P 1 and P 2 are the probabilities of occurrence of the two classes of pixels, respectively. They have the following relationship:
The probability of erroneously classifying a point belonging to p 2 (z) as a point belonging to p 1 (z) is
Similarly, the probability of erroneously classifying a point belonging to p 1 (z) as a point belonging to p 2 (z) is
Then the overall probability of error is
To find the threshold value for which this error is minimal requires differentiating E(T ) with respect to T (using Leibniz's rule) and equating the result to 0. The result is
This equation is solved for T to find the optimum threshold. The authors treat the density function as a Gaussian density which is completely characterized by two parameters: the mean and the variance. In this case,
where µ 1 and σ 2 1 are the mean and variance of the Gaussian density of p 1 (z) and µ 2 and σ 2 2 are the mean and variance of p 2 (z), respectively. To simplify the computation, the variances are assumed to be equal:
Combining equations (7)- (9), the optimal threshold is computed as
This histogram-based thresholding method will be used in the proposed algorithms with P 1 and P 2 obtained in advance.
The first algorithm proposed makes use of the high brightness of droplets. It can be divided into six steps. The metal transfer image shown in figure 2(a) is used to illustrate the step-by-step results.
Step 1. Pre-processing
This step is to separate the objects of interest completely from the background which is completely dark. To this end, the image is binarized:
where the threshold T is determined using equation (10) . Figure 6 (b) shows the binarized image. The binarized image is then filtered to eliminate noises to ease the computation of the original position of the droplet. In this step, the largest bright area is selected as S and then the filtered image f (x, y) is determined as
The filtered image is shown in figure 6 (c). Step
Identification of the wire tip
The droplet is formed at and detached from the tip of the wire. In the image, it is located at the top of the welding arc. To identify it, the coordinates of the topmost point of the welding arc need to be calculated. Since the image has been binarized, the computation appears straightforward. Its position, denoted as p, can be computed using the equation below:
and (f (x, y) = 1).
Step
Binarization for droplet identification
In this step, the original image in the arc area is rebinarized towards the identification of the droplet. To this end, equation (11) is used again but with a higher new threshold which is determined using equation (10) based on the histogram of the arc area. Figure 7 shows the resultant binarized image for the arc area in the example image shown in figure 2(a).
Step 4. Image filtering
Because multiple droplets may exist and the number of the droplets is unknown, a pre-specified threshold is used to determine if a particular bright area in the binarized image is a droplet or noise. The union of all bright areas which are larger than the threshold is defined as S, and equation (12) is then used to filter the image. The filtering result for figure 7 is demonstrated in figure 8 .
Step 5. Image dilating [26] [27] [28] At this point, the droplet has been identified approximately. The next step is to approximate the computed droplet as much as possible to the real droplet through dilation. Before dilation is discussed, three basic definitions are introduced. The reflection of set B, denoted asB, is defined aŝ
The translation of set A by point z = (z 1 , z 2 ), denoted as (A) z , is defined as
The complement of a set A is the set of elements not contained in A
The dilation of A by B, denoted as A ⊕ B, is defined as
where A is the separated droplet in the filtered and binarized images and B is commonly referred to as the structuring element in dilation. This equation is based on obtaining the reflection of B about its origin and shifting this reflection by z. The dilation of A by B is then the set of all displacements, z, such thatB and A overlap by at least one element. Based on this interpretation, equation (17) can be rewritten as
Since the object to be dilated is a disc-like droplet, the following B is used [29] [30] [31] :
The result of binarization and dilation is shown in figures 9 and 10, respectively. Figure 9 is an example for the one-droplet case and figure 10 is an example for the two-droplet case. 
Step 6. Size and position computation
The following equation is used to compute the droplet position (x c , y c ) from the dilated image:
where x min and x max are the minimum and maximum values of the x coordinate of one droplet and y min and y max are the minimum and maximum values of the y coordinate of the same droplet in the dilated image. The equation used for computing the size, denoted as S area , is given below:
where S represents the separated droplet in the dilated image. The computed position of the droplet from the last image in figure 9 is (137, 216) and the actual position is (135, 215). The computed size is 88 and the actual size is 90. The computed positions for the top and bottom droplets shown in the last image in figure 10 are (131, 219) and (144, 218) respectively, and the actual positions for the top and bottom droplets are (131, 218) and (144, 215) respectively. However, the computed sizes for the top and bottom droplets are 86 and 51, respectively, while the actual sizes of the corresponding droplets are 50 and 47. 
Brightness-and subtraction-based separation algorithm
The brightness-based separation algorithm has a major drawback because the brightness of the droplet is not uniformly distributed. This makes it difficult to compute the droplet size with high accuracy. To resolve this issue, the authors have tried to enhance the difference between droplets and other parts in the image. To this end, several popular image enhancement algorithms [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] [45] [46] , e.g. histogram equalization [38] [39] [40] [41] , Laplacian [42] [43] [44] [45] , homomorphic filtering [46] , have been tested. Unfortunately, all these algorithms failed due to the poor resolution of the captured image.
The second algorithm proposed is based on the first one, but it makes full use of the high correlation relationship between adjacent frames. It is composed of eight steps. The first two steps are completely the same as those for the first algorithm. The remaining six steps are as follows.
Step 3. Subtracting
This step is to subtract every frame by a reference frame which can be chosen as the first frame of a life cycle series of the metal transfer.
It is obvious that the adjacent frames are very similar and the development of the droplets is the major cause for their small difference. If the difference from the reference image can be obtained, the development of the droplet would be monitored. To this end, the following equation has been defined to perform subtraction:
wheref i and f R denote the image frame i and reference frame respectively. Figure 11 shows an example of Diff i . Please note that the reference frame should be chosen with the least droplet on it, e.g. the first frame in the life span of the droplet to guarantee that the value of the droplet part is positive after subtraction.
Step 4. Binarizing In this step, Diff i is binarized. Equation (11) is used again but with a higher new threshold which is determined based on the histogram of the part with a value greater than 0 in Diff i . Figure 12 shows the resultant binarized image. As can be seen, after binarization, the droplet becomes much more obvious and the noise in Diff i is reduced significantly. Step
Binarized image filtering
As can be seen, the droplet can now be clearly observed in the binarized image. In this step, the binarized Diff i is filtered using equation (12) . The result is shown in figure 13 .
Step 6. Region filling and bilinear interpolating
There might be holes or cracks inside the filtered droplet. At this time, the region filling algorithm can be used to fill the holes and cracks. To this end, the part of the droplet with value 1 is defined as the boundary and the part with value 0 is defined as the region to be filled. Beginning with a point p inside the boundary, the objective of filling is to fill the entire region with 1s.
If the convention that all non-boundary (background) points are labelled as 0 is adopted, value 1 can be assigned to p to begin. The following procedure then fills the region with 1s:
where X 0 = p, D denotes the filtered image and E is the symmetric structuring element. In our case, E is chosen as
This algorithm terminates at the iteration step k if X k = X k−1 , i.e. the set union of X k and D contains the filled set and its boundary. Figure 14 shows the droplet after region filling. The bilinear interpolation method [47, 48] can also be used for filling the holes and cracks; its equation is defined as
where x and y denote the coordinates of the point on the droplet, and a, b, c and d are the coefficients. It is straightforward that using four neighbours of the point Figure 15 . B 1 dilated result. Figure 16 . B 2 dilated result.
in question, one can obtain the coefficients. Then after substituting the coordinate of the point in question into equation (22), its pixel value f (x, y) can be computed. After every step of bilinear interpolation, if the pixel value is greater than 0.5, it is set to 1.
Step 7. Dilating
In this step, the separated droplets are dilated as much as possible to the actual ones. Equation (18) is used again. In addition to adopting the previous disc structuring element
another structuring element B 2 = 1 is introduced. The droplet is dilated separately using these two different structuring elements. Figure 15 shows the dilated droplet using the structuring element B 1 and figure 16 shows the dilated droplet using the structuring element B 2 .
Step 8. Adaptive computing
The computed dilated droplets' sizes based on the two structuring elements B 1 and B 2 , denoted as S 1 and S 2 respectively, are compared with the pre-knowledge of the size of the droplet. Here the authors choose the pre-knowledge of the size as 70.
• If S 2 < 70 < S 1
• If S 1 < 70
• If S 2 > 70 If there is no pre-knowledge of the size of the droplet, equation (23) is used directly to compute the droplet's size. A much more precise result can still be achieved.
Equation (19) is used again to compute the position of the droplet. Here only the dilated droplet based on the structuring element B 1 is used to compute the position, since the result is the same no matter whether B 1 or B 2 is used. The computed position and size of the dilated droplet shown in figure 11 are (146, 208) and 66 respectively, while the actual position is (146, 208.5) and the actual size is 67.
Results and discussion
The authors have tested the second algorithm proposed in section 5 using a series of adjacent frames of metal transfer images. The series used is shown in figure 17 . It contains 15 frames which describe the life span of a droplet. The first frame is the image when the droplet is just detached, and the following frames record the travel of the detached droplet. As can be seen, in addition to the travel from the wire towards the work piece, the droplet also shifts in the horizontal direction. In conventional GMAW, the droplet travels from the anode wire towards the cathode work piece because the detaching electromagnetic force points from the anode towards the cathode. In DE-GMAW, both the work piece and the bypass electrode are cathode and there are two components of detaching electromagnetic forces pointing from the wire to the bypass electrode and work piece respectively. Hence, in DE-GMAW, a horizontal motion can be observed for the travelling droplet.
The image processing results for frame 8 are shown in figure 18 . The first image in this figure is the reference image which is chosen as the first image in the image sequence. The separated droplet is shown in the last picture. Since the droplet is enhanced and separated, it is natural that it retains the original position. The error in position computation using equation (19) can only be caused by the shape of the droplet. Even if the size is not the same as the original one, the position can be computed correctly as long as the algorithm is symmetric in recovering the size. It is apparent that the separated droplet not only retains the original position, but also retains the shape. It can be seen that the obtained droplet shape is very similar to the original one. As the experimental results verified, the size of the droplet can also be restored correctly.
The image processing results for frames 9-13 in figure 17 are shown in figures 19-23 where the first image in each figure is the reference image, i.e. the first image in the image sequence. It can also be seen that all the separated droplets preserve their actual shapes well. This indicates that the size of the droplet can be recovered accurately. Table 1 shows these frames' actual positions and sizes against their computations. It is seen that the positions and sizes can be recovered with almost no error. Please note that the sizes in frames 12 and 13 are smaller because the droplet is landing on the work piece in these frames. Testing shows that the proposed brightness-and subtraction-based separation algorithm needs less than 3 s to process one frame in MatLab (the computer used is a notebook computer with an Intel R Pentium R M 1.86 GHz processor and 1 Gbyte Ram). Since the final real-time processing system will be programmed in C, the processing time will be significantly reduced. Luo et al [49] reported an over 100 times speed improvement of compiled C over the interpreted MatLab. In [50] , Tommiska et al stated 'This indicated compiled (i.e., C source) code runs approximately 400 times faster than interpreted (i.e., MatLab) code' in their case. In addition, a multiple parallel processor system can be used to further reduce the processing time if necessary. Hence, the proposed algorithm appears to have the potential to be used in on-line control of the metal transfer process.
Conclusions
Understanding, analysis and control of the GMAW process and its modifications rely on the availability of effective algorithms which can automatically process metal transfer images. This paper aims at developing an automated algorithm to process the metal transfer image in the DE-GMAW process. It was found that the traditional correlation method has difficulties in achieving reasonable accuracy from metal transfer images. The proposed brightness-based separation method can locate the droplets with adequate accuracy, but its accuracy in droplet size computation is affected by the fact that the brightness of the droplets is typically not uniform. To improve the accuracy, the algorithm is modified by taking advantage of the correlation of adjacent images. Experimental results show that the revised algorithm which is referred to as the brightness-and subtraction-based separation algorithm can achieve adequate accuracy for both the droplet location and droplet size. In addition, it is found that the proposed algorithm has the potential to provide an adequate processing speed for use in real-time metal transfer control. Future work will focus on optimizing the algorithm and integrating it into a real-time metal transfer control system.
